Abstract
With so much data comes the problem of combining (fusing) these data and extracting useful information from them. Most of the models that have been proposed for data fusion consist of tbree levels. These levels are the signal level (also called pixel, measurement), the feature level (attribute), and the decision level. They have been described in such a way that we begin with the preprocessing of data, followed by feature extraction. Having extracted the features, object recognition (also called identification) is performed by statistical techniques, or geometric models. The results are usually partitioned into groups that represent objects belonging to the same class Selection of the level for multi-resolution image fusion depends on the characteristics of the input images and the desired output. In this paper, we focus on multiresolution image fusion at the pixel level. A multi-resolution fusion model is proposed based on both spectral and spatial characteristics of satellite images (raw data). . However, we see a substantial challenge for research in methods for multi-resolution fusion of satellite images. This challenge is two-fold AI extension of the existing methods which were developed for the fusion of stationary input frequencies (spectral characteristics) into a spectral and spatial (frequency and space) domain;
A3 development of new methods to determine the quality of the fusion outputs based on the integration of these components (frequency, space, and time).
In this paper we address one aspect of the problem, the evaluation of existing wavelet transform algorithms and how they should be extended to implement a multiresolution image fusion model, which requires the fusion of satellite images by localizing the frequency both in space and scale. Toward this end, we have selected five wavelet transform algorithms. The following sections will describe our evaluation on the application of different wavelet transform algorithms for multi-resolution image fusion at pixel level.
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Multi-resolution image fusion at pixel level "Data fusion is a formal framework, in which are expressed means and tools for the alliance of data originating from different sources. It aims at obtaining information of greater quality: the exact definition of greater quality will depend upon the application" [I I].
This defmition emphasizes the conceptual fusion model and the related fundamentals in remote sensing underlying data fusion. In this definition, the different observation modalities of one sensor (e.g., multi-spectral channels) are considered as different sources, as well as images taken at different times by the same sensor. Finally, this definition adds, those data fusion shown the importance of obtaining information of greater quality; the exact defmition of 'greater quality' will depend upon the application. Here quality does not have a very specific meaning. It is a generic word denoting that the resulting information is more useful for the "customer" than that was available without the fusion process. For example, better quality may be an increase in accuracy of a geophysical parameter or of a classification. It may also be related to the production of more relevant information of increased utility, or to the robustness in operational procedure [ll]. Fused data represents an entity in greater detail and with less uncertainty than what is obtainable from any of the individual sources. The fusion process can also extract higher order spatial, temporal and behavioral relationships between those entities. Greater quality may also mean a better coverage of the area of interest, or a better use of financial or human resources allocated to a project. In some cases, quality can be replaced by efficiency. 
Continuous Wavelet Transform (CWT)
In the continuous wavelet transform, the input signallpixel value is correlated with an analyzing continuous wavelet [13] . For the continuous wavelet transform for 1- 4 Redundant discrete systems (hmes) and
A I Ortho-normal (and other) bases of wavelets
Some examples of well-known algorithms for discrete wavelet transform are Mallat's multi-resolution analysis, Feaveau's non-dyadic resolution factor, a trous and pyramidal algorithms. Discrete wavelet transforms are mostly implemented using digital filters. For example, if the multi-resolution image fusion is 2-dmensiona1, hence first the filters are applied to each row and afterwards to each column.
Selection of WT algorithms
Continuous and discrete wavelet transform algorithms can be further classified as redundant or non-redundant [12].
The resnlts of the WT are redundant when the outpnt has more pixels than the original image and not redundant when the output and the original image have the same number of pixels. The structure of implementation can also be used to classify wavelet transforms into dyadic or non-dyadic. Moreover, the structure of the ontput can be used to distinguish wavelet transforms as cube, pyramid, or an image. In order to fmd out which algorithm is more appropriate for multi-resolution image fusion at pixel level,
we have selected five wavelet transform algorithms from different categories ( Table 1) . Pyramidal wavelet transform was selected because it decomposes the image by a factor 4137-4 and has previously been used in multi-resolution analysis. The linear and B-Spline types of pyramidal wavelet transform were selected. by changing the scale of the analysis window, shifting the orthonormal basis, and was selected to find out the window in time. multiplying by the signal, and integrating differences between discrete wavelets and a continuous one. over ail times [14] . Some well-known examples of CWT The implementation of the above mentioned prerequisite, and later that of the multi-resolution image fusion model shown in Figure 1 , was camed out through following steps.
Taking the sub sets of the images
Due to the dyadic naNre of the wavelet transform algorithms, it is necessary that the number of pixels in the columns and rows of the input image should be multiple of 2. The original Ikonos PAN image consists of 1997x2360 pixels, Ikonos MS 500x591 pixels and Landsat TM 239x272 pixels. Therefore, sub sets were created having 1024X2048 pixels of Ikonos PAN image, 256x3512 pixels of Ikonos MS and 32x64 pixels of Landsat TM. The images had the same co-ordinate system that has allowed us to create the sub sets using upper light and lower left comer co-ordinates limits.
Histogram matching
The histogram of the Ikonos PAN image was matched to each band of Ikonos MS and Landsat TM images. In this way eight Ikonos panchromatic images were generated, four for each of Ikonos MS and Landsat TM.
Afterwards, the wavelet transforms were applied on these bands for multi-resolution image fusion.
Imagefusiom by using the wavelet transform
In the case of the image fusion of lkonos PAN with Ikonos MS band, each histogram matched PAN band was decomposed using three numbers of scales. This decomposed smooth band was then replaced with the corresponding band of Ikonos MS image to which the histogram of panchromatic image was matched. The wavelet co-effcients that were produced during the decomposition were used to reconstruct the MS band of 1-meter spatial resolution. In this way all the four bands of Ikonos MS were resynthesized. The result is an image having all the spatial details that of Ikonos PAN image and the spectral information that of Ikonos MS image (Figure 1 ).
In the case of Landsat TM image, the same procedure was adopted for decomposition of Ikonos PAN image, but the number of scale was six in order to gain the spatial resolution of 32x11. The Landsat TM image was also resampled using the Nearest Neighborhood method to obtain a resolution of 32m, which could be used for the reconstruction of the Landsat TM image having I-meter spatial resolution. All the five algorithms were applied and the results were ten MS images, of lmeter spatial resolution (five from lkonos MS and five iiom Landsat TM).
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Evaluatinn nf results
Geometric Correcfion of the images
the Top10 data (National Topographical data of The Wavelet transform operates in both spectral and spatial domains. Therefore, the quality' of the resulting fused AI] the the images were geo-referencd by images need to be assessed in both domains in order to evaluate the potential of these different WT algorithms.
5.1
Assessment of spatial qualily
The assessment of the spatial quality of the resulting images As mentioned in Section 4, the date of acquisition of Ikonos PAN and Landsat TM has a gap of one year. However, this was not considered to be the cause of the dispersion because the dispersion has occurred in the built up areas in this case. These built up areas have not changed in the period of one year. They are present in the ground truth data (Top IO data), which has been updated in 1999, the same year of the Landsat TM's acquisition. Therefore, the results have confirmed the limitation of wavelet transforms during the decomposition of satellite images. As inverse wavelet transform works by adding a new column and row after each of the existing ones and then the values for these new cells are interpolated using the wavelet co-efiicient, produced during the decomposition. According to [ll] , one major drawback of the wavelet transform when applied to image fusion is its shift dmendencv; i.e. a simDle shift of the inmt sienal may lead One of the reasons can be due to the number of scales (levels) of decomposition. After a certain level of decomposition the details can not be preserved any more due to the shift in frequency, as previously mentioned. With the Kaar WT, we were able to get the best spatial quality than the original one because the number of pixels has remained same. 
I
Residul of Image
I
to comple& different t&form cwfficiknts. when applying wavelet transforms for the decomposition of satellite images, only a certain number of scales (levels) can be carried out. In our research, the decomposition gave good results up to three levels. NlIR and contrast were also measured for all the resulting bands for both cases and these were quite similar to the IQ values shown in Figures 5 and 6 . Mainly because they are computed on the basis of the IQ values and these are the absolute residuals.
5.2
Assessment of spectral quality (Figure 7 ). In the case of the Landsat TM image, the Haar WT once again gave the best result as the number of levels for decomposition increases. However, it still indicates some loss of spectral infomation since the bands have lower standard deviation values than the original ones. On the basis of the spatial and the spectral quality assessmenf we can affirm that there was not a significant difference among the quality of different discrete WT algorithms. A significant difference has occurred only when we compared them to the continuous WT, in our case the Haar wavelet.
[ In summary, we can conclude that the Pyramidal Linear (dtscrete, pyramid class) and the Mallat-Daubechies (discrete, image class) wavelet transform provided better results in both spatial and spectral qualities as compared to others. Although the existing wavelet transform algorithms, which were not specially developed for multi-resolution a d A. BUaoui (1998), Image image fusion of satellite images, have given good results but processing and Data Analysis. University press, still there is a need to develop new algorithms to overcome their frequency shift limitation.
